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ABSTRACT
Longitudinal MR imaging during early brain development
provides important information about growth patterns and
the development of neurological disorders. We propose a
new framework for studying brain growth patterns within and
across populations based on MRI contrast changes, measured
at each time point of interest and at each voxel. Our method
uses regression in the LogOdds space and an information-
theoretic measure of distance between distributions to cap-
ture contrast in a manner that is robust to imaging parameters
and without requiring intensity normalization. We apply our
method to a clinical neuroimaging study on early brain de-
velopment in autism, where we obtain a 4D spatiotemporal
model of contrast changes in multimodal structural MRI.
Index Terms— Contrast, longitudinal MRI, regression,
Kullback-Leibler
1. INTRODUCTION
Longitudinal imaging during early brain development pro-
vides important information about normative patterns of
growth, neuro-developmental disorders, and the link between
brain and behavior. Early growth involves several rapid bio-
physical, chemical, structural, and functional changes which
occur in an extremely organized and predictable manner.
Myelination, or the formation of a myelin sheath around a
nerve fiber, is a crucial part of the maturation processes as
it facilitates the effective transmission of neural impulses
[1]. It has been observed through qualitative findings that
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early growth and maturation, as a result of myelination, is
marked by continuous changes in Magnetic Resonance Imag-
ing (MRI) intensity [2].
In comparison to brain images from other modalities such
as Computed Tomography (CT) and ultrasound, T1 Weighted
(T1W) and T2 Weighted (T2W) MR images are ideal for as-
sessment of growth as they exhibit much higher contrast sen-
sitivity [2]. Higher signal intensities in T1W MR images, and
lower signal intensities in T2W MR images, are shown to be
the results of myelination. Rather than tracking appearance
based changes, most existing studies of the pediatric brain
have focused mainly on volumetric and morphometric indi-
cators [3]. Recently, appearance based research restricted to
signal intensity changes in MR images of the pediatric brain
showed interesting results [4, 5]. However, the limitations
of intensity based studies include excessive dependence on
the use of accurate intensity normalization, and sensitivity to
factors such as type of scanner and pulse sequence used in
MR acquisition. Other existing studies on image contrast are
based on ratios of image intensities which can be affected by
population variabilities and imaging parameters [6].
Our recent method quantified contrast by using a distance
metric between image histograms to measure the overlap
between the intensity histograms of white and gray matter
tissue classes in major brain regions [7]. This involved the
challenging task of intensity normalization of the T1W and
T2W MR images over a period marked by rapid contrast
and appearance changes. In the current paper, we propose
a new method for measuring contrast in longitudinal MRI
that does not require intensity normalization procedures. In
addition, changes are measured in populations at the full spa-
tiotemporal level, where contrast is measured at every time
point and for every voxel as opposed to specific regions. The
new method uses tissue probability maps to measure local
contrast via the Kullback-Leibler (KL) information theoretic
measure. Thus, it does not rely on intensity normalization
and it is more robust to changing imaging parameters (e.g., in
multi-site imaging studies). We model population growth by
conducting kernel regression on the tissue probability maps
which results in continuous 4D models of change for every
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subject. We present results that demonstrate the application
of our method for comparing different population groups as
well as temporal changes within one population.
2. METHOD
We propose a new framework for studying brain growth
patterns within and across populations based on contrast
changes. We assume all multimodal longitudinal images
have been registered to a common coordinate space. Proba-
bility maps for relevant tissue classes are computed at the time
points scanned, which are then interpolated at time-points of
interest using a continuous spatiotemporal modeling method.
Contrast is measured at interpolated time points at every voxel
as the information theoretic divergence measure between the
mean distribution in the voxel neighborhood and the distri-
butions at the neighboring voxels. Comparison statistics are
then performed on these contrast measures.
2.1. Continuous 4D Spatio-Temporal Probability Maps
In this study, we make use of existing segmentations that
are represented as sets of probability maps of major tissue
classes. Our method can make use of any segmentation pro-
cedures and it is not restricted to specific segmentation ap-
proaches. Given a segmented image I of a subject s scanned
at time ti, we compute the subject-specific data likelihood for
a tissue class c as p(Is|c, µc,Σc) = G(µc,Σc), where G de-
notes a normal distribution with mean µc and covariance Σc.
Therefore, the probability mass functions (pmf) Ps(c|x, ti)
can be estimated for every voxel x, subject s, and tissue class
c from the likelihood values, as: Ps(c|Is(x, ti), µc,Σc) =
p(Is|c,µc,Σc)∑
c′ p(Is|c′,µc′ ,Σc′ ) .
We perform kernel regression to obtain the probability
mass functions at specific time points in a continuous man-
ner. The regression is performed on the LogOdds transformed
probabilities to take advantage of the linear/vector space op-
erations in this space [8]. The pmf at a specific time point
is then computed as the inverse map of the regression of Lo-
gOdds values that is guaranteed to be a proper distribution. In
the case of multiple label classification, the LogOdds repre-
sentation is defined as the ratio between the probability of a
class c and the class cBG representing background [9]:






The interpolated LogOdds representation of the probabilities
Ls(c|x, t) for a subject s are generated for time t as a con-
tinuous function through kernel regression on the individual








where K(t, ti) is a smooth kernel. Finally, by taking the in-
verse of Ls using the inverse LogOdds function, we obtain




Z c 6= cBG
1/Z c = cBG
(3)
where Z = 1 +
∑
c6=cBG exp(Ls(c|x, t)).
2.2. Information Theoretic Contrast Measure
We generate a measure of contrast from the tissue class prob-
ability maps by calculating the mean of the distributions in
a voxel neighborhood and the distance to the mean using the
Kullback-Leibler (KL) divergence. The mean of the voxel
neighborhood is computed to be the distribution which mini-
mizes the sum of the weighted KL distance of all voxels in the
neighborhood to itself. Given the probability map informa-
tion in a voxel’s neighborhood, the KL divergence measures
the deviation of the neighboring voxels from the typical distri-
bution. Consider a voxel x in an image s such that the voxels
in its neighborhood are denoted by y  N (x). The weight
wy of each voxel y is a function that varies inversely with its
distance from x. The weighted mean of the probability mass
functions of all voxels y in the neighborhood of x is known to
be the weighted normalized geometric mean:





 1∑y∈N(x) wy (4)
where Q denotes the sum of the geometric mean over all the
classes. Contrast γ at a voxel x and time t is then measured






P¯s(c|x, t), Ps(c|y, t)
)
(5)
Regions with good contrast have bimodal probability distribu-
tions that represent mixed tissue, hence displaying higher KL
divergence. Conversely, regions with low contrast have lower
KL divergence as the distributions are unimodal and tight.
2.3. Analysis of Growth through Contrast
We conduct quantitative analysis of growth using these 4D
values of contrast. Our method enables standard statistical
approaches such as two sample t-test to determine signifi-
cant differences between two population groups at a specific
time point. Another approach is to measure changes between
different time points within a single group to isolate signifi-
cant variations across time. These statistical comparisons are
conducted with correction for multiple comparisons using the
False Discovery Rate (FDR) method [10].
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Figure 1. T1W (first
row) and T2W (third
row) MR images of
a single subject and
their corresponding
T1W (second row)




6, 12, and 24 months
(from left to right).
3. RESULTS
Our method is applied to clinical longitudinal data obtained
from the ACE-IBIS (Autism Centers of Excellence, Infant
Brain Imaging Study) study. The dataset consists of both
T1W and T2W images of infants scanned at approximately
6 months, 1 year, and 2 years of age. The subjects under-
went the ADOS (Autism Diagnostic Observation Schedule)
test at 2 years of age for the detection of ASD (Autism Spec-
trum Disorder). From this study, we investigate two groups
of 20 subjects each: HR+ (high-risk subjects diagnosed with
positive ADOS) and HR- (high-risk subjects diagnosed with
negative ADOS and thus less likely to develop autism).
The clinical images are first corrected for intensity in-
homogeneity and then co-registered using a nonlinear, free-
form, spline-based deformation algorithm [11]. The earlier
time point images of each subject are registered to the image
of that same subject scanned at the latest time point. This is
followed by constructing a common atlas space into which the
entire image set is deformed using an unbiased atlas building
procedure [12]. Once all the images are in the same coor-
dinate space, they are then segmented into the major tissue
classes using an atlas-moderated multi-modal Expectation-
Maximization algorithm. The earlier time point images of
each subject are segmented consistently by applying the seg-
mentation map of the same subject at a later time point as a
probabilistic prior. The generated intensity profiles are mod-
eled as Gaussians and used for computation of subject specific
tissue class probability maps. Fig. 1 shows the input images
and the marginal probability maps for specific modalities.
We interpolate the tissue probability maps using the com-
bination of LogOdds mapping and kernel regression, where
we apply a Gaussian kernel with standard deviation of 4
months. Fig. 2 shows the interpolated probability maps and
corresponding contrast values at 9, 12, 15, 18, and 21 months
of age, which we computed for a single 2D slice. We observe
Fig. 2. Interpolated white matter probability maps of T1W
(first row) and T2W (third row) of a single subject at ages
9, 12, 15, 18, and 21 months (from left to right) and their
corresponding contrast maps (T1W -second row and T2W-
fourth row).
Fig. 3. Comparison between the HR+ and HR- population
groups, with p-values computed from contrast maps at time
points 9, 12, 15, 18, and 22 months for T1W (first row) and
T2W (second row) images.
that the probability maps become less noisy and show clearer,
better defined structures across time. It can be seen from the
contrast maps that the boundaries between tissue classes also
show higher contrast as time progresses. This effect is seen
at an earlier stage in the T1W images and at a later stage in
T2W images, confirming previous studies which show that
these two modalities capture the initial and more advanced
stages of the maturation process respectively.
We conduct statistical tests based on the two-sample t-
test, both among groups at specific time points and across
time points in a specific group. Multiple comparison correc-
tions are performed using the False Discovery Rate (FDR)
algorithm at a level of 0.05. When comparing HR+ and HR-
groups, we observe that the p-values show distinct trends
across time (Fig. 3), although significance is not seen after
corrections for multiple comparisons. When contrast maps
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Fig. 4. Temporal comparison between time points in a spe-
cific group. First and third rows show the p-values com-
puted on contrast maps between time points that are 6 months
apart. Second and fourth rows show the corresponding sig-
nificance maps. The first three columns show results for the
HR+ group. The last three columns show results for the HR-
group.
and 15 months) were tested against each other, trends were
seen in the p-values. We detect regions of significance even
after corrections, as shown in Fig. 4. We note that these
regions of significance shrink when later time points are stud-
ied, therefore indicating that the major changes in contrast
take place during the first year after birth.
4. CONCLUSIONS
We propose a new method for quantitative analysis of early
brain maturation by quantification and analysis of contrast at
each voxel and across different time points. Our method uses
regression in the LogOdds space and information theoretic
measures of distance between distributions to capture con-
trast in a manner that is robust to imaging parameters and
without requiring intensity normalization. We applied our
method to a clinical neuroimaging study on early brain devel-
opment, where we obtain a 4D spatiotemporal model of con-
trast changes in multimodal MRI. We did not observe signif-
icant differences across populations, likely due to the limited
number of samples used in our experiment. We observed sig-
nificant differences across time points in a population, where
differences are more pronounced in the first year of develop-
ment. In the future, we will conduct experiments on larger
population sizes and we will explore the addition of other
modalities such as diffusion tensor imaging that captures ad-
ditional information on brain white matter development.
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